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Abstract

This article describes about finding documents of
interest via frequent anchor descriptions that be-
ing derived from the ”.gov” web collection. The
main idea of our approach is that we consider fre-
quent anchor descriptions as documents. To find
out the frequent item sets, we apply the Apri-
ori algorithm with a new scoring criterion, called
the mazimum correspondence. We likewise inte-
grate both retrieval scores calculated from an-
chor descriptions and title texts of the web
pages to identify the resulting named pages, and
foundthat these combination scores can boost
the precision performance. Concluded from our
preliminary experiments , this approach yields a
considerable efficiency of named page finding in
the aspect that it also highly reduces the docu-
ment search space.

1 Introduction

The information searching generally focuses on
the quantity of information that the user ob-
tains. On the other hand, named page finding

only focuses on the most significant web page
represented as the answer to a query. However,
named page finding needs higher precision per-
formance. Therefore, finding a named page is a
more difficult task than other on-line document
retrieval. Named pages are frequently named by
anchor descriptions and those pages are usually
linked to with a great number of web pages. The
consequence is that those pages obtains a variety
of anchor descriptions. The appropriate name
of each page is able to be assumed to be the
name with the most frequent occurrence. With
the according reasons, document representation,
anchor descriptions, or title texts, for instance,
is noticeably nifty for addressing the relevant
named pages.

In this paper, we propose a novel approach to
enhance the retrieval performance of named page
finding through using frequent item sets. We
consider the anchor descriptions and title texts
as the item sets. Each item set represents the
name of the document. Afterward, we discover
the frequent item sets using the Apriori [6]. We
then apply the new scoring method, i.e. the mazx-
imum correspondence function, to address the



most significant frequent item set. In addition,
we also study from resulting experiments on the
integration of anchor descriptions and title texts
to enhance the named page retrieval precision.

We organize this article in the following way—
Section 2 describes about the document repre-
sentations. Section 3 describes about the fre-
quent item set discovery algorithm. Section 4
is dedicated for more details we supplement to
the algorithm. Section 5 describes about the ob-
tained experiment result. Section 6 finally con-
cludes the paper.

2 Document Representations

There are many categories of document repre-
sentations; for example, contents, abstracts, ti-
tle texts, anchor descriptions, links, the depth of
URL addresses, and the integration of those [1,
2], each of which has a potential of improving
the retrieval performance. Nonetheless, there
are advantages and disadvantages of each. In
this work, we select the anchor descriptions and
the title texts. It is due to the fact that they of-
fer tremendous improvement of retrieval perfor-
mance with the support of relatively small size
of document representation.

2.1 Anchor Descriptions

A hyperlink is a relationship between two docu-
ments or two fragments of the same document.
In the hypertext markup language (HTML), the
target is referred by the link and the link’s an-
chors are displayed to the users with the under-
lined text. As soon as the user click the anchor,
their browser will display the target document.
We call a link anchor appearing on the browser
as an anchor description. The anchor descrip-
tion always describes its target. Moreover, a

Anchors Occurrences

Kasetsart University 1,500
Kasetsart 834
Kasetsart Home Page 322
KU 301

KU City 115

Main 75

Home 24

Table 1: An example of anchor descriptions.

target is likely to be associated by other web
documents and initiates considerable anchor de-
scriptions if its target is popular.

Previous studies [3, 4] found that anchor de-
scriptions has a potential to enhance the re-
trieval performance. Therefore, we are in agree-
ment to construct anchor documents [3] as a
representative of each document in data col-
lection for a substitution of the term. Each
anchor document contains all anchor descrip-
tions of a page’s incoming links. Table 1 il-
lustrates an example of the anchor document
of the web page www.ku.ac.th. In this paper,
we will call each entry as an anchor description
set. Moreover, we will represent it with the no-
tation N x A, where N is the number of occur-
rences and A is the element sequence of the an-
chor descriptions. For example, the first entry
of Table 1 can be represented with the notation
1500 x Kasetsart University. It is noticeable that
each anchor description is the page’s name ap-
pearing on the browser. The anchor description
sets consequently represent the associativity be-
tween the link’s anchor and its name.



2.2 Title Texts

The titles of web pages can be used as the docu-
ment representation and it yields comparable, or
even superior, retrieval results than full-text re-
trieval. Previous study [5] extracted several tag
fields from data collection and found that the
<title> field could produce better performance
comparing with full-text retrieval. Furthermore,
the retrieval system takes less substantial time
and space. Therefore, we extract the title fields
from the data collection and amass them sim-
ilarly to the anchor description sets. We nev-
ertheless separate the extracted title texts from
those.

2.3 Size of Document Representations

We provide the quantitative measurement of the
full text, title texts, and anchor descriptions de-
rived from the .gov collection in Table 2. It
is noticeable that anchor descriptions and title
texts are relatively smaller than the whole col-
lection. Moreover, they also contain relationship
among links and their names regardless of doc-
ument contents. This facilitates searching rele-
vant named pages in collection containing only
documents’ names. As a result, we will likely
obtain higher recall performance.

3 Frequent Item Set Discovery

Discovery of frequent item sets is the princi-
ple spirit of a great number of data mining ap-
proaches and it has been well studied in the
context of association rules [7]. We usually de-
compose the problem solution of association rule
mining into two phases—discovery of frequent
item sets and rule generation from the discov-
ered frequent item sets.

3.1 Frequent Item Sets

Let I = {41,42,13,...,%m} be set of literals, so-
called items. Let a non-empty set of items 7" be
called an item set or a transaction. Let database
D be a set of transactions, where each trans-
action T is a set of items such that T" C 1.
Each transaction has its statistical significance,
so-called support value. The support of the item
set X in the database D is defined in Equation 1.

TeDIXCT
support(X, D) = HT € ||D| C T}|

(1)

Let X be an item set. A transaction T is said
to contain X if and only if X C T'. The support
of an item set X is the number of the percent-
age of transaction in the database that contains
X. X is frequent if the support of X is not
less than a user-defined support threshold, called
minimum Support.

Example Let Table 3 be a transaction database
D, with a set of items I = {a,b,c,d,e, f,g,h}.
Let the minimum support be 20 percents; the
consequent frequent item sets are listed in Ta-
ble 4.

3.2 Apriori Algorithm

The algorithm called Apriori [6] iteratively gen-
erates all possible item sets whose supports qual-
ify the minimum support threshold. The first
iteration of the algorithm counts item occur-
rences in order to generate the frequent 1-item
sets (each 1l-item set exactly contains only one
item). For each next iteration, the frequent item
set Ly, found in the (k—1)th iteration are used
to generate the candidate item sets Cj, using
apriori-gen function described in Algorithm 1.



Table 2: Quantitative measurement of each document representation derive from the .gov collection.

Table 4: Frequent item sets with 20-percent minimum support derived from transaction database

D.

Representation Size Nb. Doc Avg. Len.
Full Text 19,455 MB 1,247,753 15.2 KB
Title Text 148 MB 893,544 0.17 KB

Anchor Description 3,302 MB 827,256 4.0 KB

Trans. ID | Item sets
1 a,b,c,d, f
2 b,c,d, f,g,h
3 a,c,d,e, f
4 ce f,g

Table 3: An example of a Transaction database D

Length (1) Frequent [-item sets
1 a,b,c,d,e,f,g
2 ac,ad,af,bc,bd,bf,cd,ce,cf,cg,df ef,gf
3 acd, acf,adf,bed, bef, cdf, cef,cfg
4 acdf , bedf




Afterward, the database is scanned and the sup-
port of candidates in Cj is counted. The output
of the first phase of Apriori algorithm consists
of a set of k-item sets (where &k = 1,2,3,...),
whose supports qualify the specified minimum
support threshold. Algorithm 1 presents a for-
mal description of the algorithm. We assume
that items in each item set are lexicographically
sorted.

Algorithm 1 The Apriori Algorithm
Scan D to find L.
Let k = 2.
while Lk—l 79 0 do
Cy = apriori-gen(Lj 1).
for all transaction t € D do
Cy = subset(Cy, t).
for all candidate ¢ € C; do
c.count = c.count + 1.
end for
end for
Ly, = {c € Cg|c.count > minsup}.
end while
return J, Ly.

Candidate item sets Cy are generated from
previously generated frequent item sets Ly_1
through using the apriori-gen function. The
apriori-gen performs two operations, as fol-
lows.

Joining step: Each large item set from Ly ; is
joined together.

Pruning step: Each item set ¢ € C}, such that
some (k —1)-subset of ¢, in which Ly_1 does
not contain, is deleted.

4 Contributions in Frequent
Item Set Discovery

In this article, we will focus on the TREC-11
named page finding mission. We separate the
method into three phases, as follows.

4.1 Document Representation

Extraction

In this phase, we extracted the document rep-
resentation, i.e. anchor descriptions and title
texts, from TREC-11 data collection suite. Cur-
rent data collection (Year 2002) is a crawler’s
outcome concentrated on the government do-
main (.gov websites) and it consists of 1.25 mil-
lion documents. We analyzed links and their
anchors from each document. Afterward, we
kept those in their targets’ anchor document.
We then constructed an anchor description col-
lection with every document. An anchor doc-
ument collection comprises of 5.5 million doc-
uments. It contains anchor documents in data
collection and contains anchor documents cre-
ated from links whose target does not occupy in
the data collection. Moreover, we filtered out
the anchor documents whom the data collection
does not contain, as well. After that, we subse-
quently performed morphological analysis pro-
cess. We filtered out the stop words and ev-
ery special sign except the hyphen (=), but we
did not, in contrast, perform lexicon stemming.
Finally, an anchor document collection contains
only 0.8 million documents. We also extracted
the title texts from the data collection. We kept
them in the collection analogous to the anchor
documents.



4.2 Frequent Anchor Description Dis-
covery

Let I = {wy,ws,ws,...,wy,} be a set of words in
an anchor document. Let T be an item set that
T C I. For example, the set of anchor descrip-
tions representing Kasetsart University web site
is shown in Table 5.

Let the minimum support be 20 percents. We
discovered the frequent anchor descriptions via
the Apriori algorithm (see Algorithm 1). We
provide the consequence of applying the Apri-
ori to data in Table 5 in the Table 6. We then
extract the frequent anchor descriptions from an-
chor documents in order to provide an availabil-
ity of retrieval. For title text collection, in view
of the fact that each document possesses only
one item set, we will permanently judge it to be
frequent.

4.3 Relevant Named Page Retrieval

For the reason that the present retrieval method-
ology exploiting term frequencies and their
weights in the data collection does not have a
capability to rank the frequent anchor descrip-
tions for this system, we therefore develop the
mazimum correspondence function, as in Equa-
tion 2.

(2)

Where, ¥; is a maximum correspondence among
the query ¢ and each Xz-j anchor description of
the document 3.

The equation ranks each document with corre-
spondence between the query with each frequent
anchor description. The maximum score from
every frequent anchor description is the score of
the document. We likewise apply the Equation 2
with the title text collection.

U; = max§- Xjj
J

5 Experimental Results

With the intention of having a manageable task,
we decomposed the evaluation phase into three
experiments. We evaluated the system with
only the frequent anchor description approach,
then the title texts, and finally the integration
of both. 150 queries are automatically pre-
pared from TREC-11 named page finding task’s
queries without stems. We illustrated the re-
trieval result in Table 7 and Figure 1. The dis-
tribution of the result is depicted in Figure 2.

From Table 7, the frequent anchor description
outperforms the title texts collection, since the
frequent anchor description has a capability to
provide more documents’ names considered as
exact names. Nonetheless, some documents do
not have or have inadequate anchor descriptions
due to incomplete links. These problems essen-
tially affects the retrieval performance. On the
other hand, we found that web documents al-
ways have title texts that can likewise perform
well in case of the mentioned problems. There-
fore, it is noticeable that the integration of both
yields the better performance, as shown in Fig-
ure 1 and Figure 2. The ranks of relevant named
pages are boosted to the top rank and more rel-
evant named pages can be found.

6 Conclusion and Future
Works

The frequent anchor descriptions can represent
the document’s name with relatively small size
of data. However, the incomplete link problem
principally affects the reduction of performance.
The title texts can elucidate this problem, but
it provides inadequate information, in contrast.
The integration of both can provide better exper-



Item Set ID Anchor Description
1 Kasetsart University Page
Homepage of Kasetsart University
Kasetsart The University of Agriculture
Kasetsart University Page
Homepage of Kasetsart University
Homepage of Kasetsart University
Kasetsart University Page

N O O W N

Table 5: Anchor description representing Kasetsart University’s web site

Length () | Frequent /-anchor description
1 { Kasetsart }, { University }
2 { Kasetsart University }, { Kasetsart of }, { Kasetsart page },

{ Kasetsart Homepage }, { University Page }, { University Homepage },
{ University of }

3 { Kasetsart University of }, { Kasetsart University Page },
{ Kasetsart University Homepage }, { Kasetsart Homepage of }.
{ University Homepage of }

4 { Kasetsart University Homepage of }

Table 6: Frequent anchor descriptions of Kasetsart University’s web site

Ranks Titles Anchors Integration

Top 1 20 56 64
Top 5 24 19 20
Top 10 9 8 10
Top 25 13 9 13
Top 50 5 4 4
Not Found 79 54 39
MRR 0.406 0.588 0.680

Table 7: Named page finding retrieval result




Named Page Finding Retrieval Result Comparison Chart
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Figure 1: Named page finding retrieval result comparison chart
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imental result due to the management ability of
incomplete links and relatively small size of data
comparing with full text data. We concluded
that the frequent anchor description provides a
valuable source of information for named page
finding task.

The frequent anchor description can enhance
the retrieval performance for commercial search
engines, but the maximum correspondence func-
tion operates very lingeringly on simple frequent
anchor description file structure. We consider
this our future work. The association rule dis-
covery from frequent anchor description can pro-
vide confidence value for the scrutiny of strong
frequent anchor description. Moreover, it can re-
duce the size of frequent anchor description col-
lection.
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